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Abstract
This thesis looks into the ability to collect driving data reliably and cost-effectively,
characterize driving behavior, categorize roads, and finally link all together in a way to
minimize the fuel consumption in cars. Using an OBDII scanner, a Smartphone, and an
accelerometer, we were able to collect data from various types of cars. Then, we used
Matlab in order to analyze the data and compare them visually. We found out that using a
Smartphone's built-in GPS and accelerometer is sufficient to record all the basic
information required to enable us to model driving behavior and characterize roads. This
thesis also aims at establishing a basis for future work to determine how driving patterns
relate to fuel consumption.
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1 Introduction
With the carbon emissions continually on the rise, the scientific community is
continuously looking for ways to lower the carbon footprint of daily applications. One of
the biggest contributing factors to global emissions is ground transportation. Most of the
research that targets reducing the carbon footprint of vehicles look at reducing the carbon
footprint mechanically. However, little has been done towards characterizing actual
driving patterns of people and how this relates to the fuel consumption of the various
types of cars.
The motivation to look into this field comes from Professor Sanjay Sarma's
interest in looking into ways to minimize our carbon footprint by collecting as much data
as possible to model how roads can be characterized on real driving patterns. He also
wondered if different types of cars, which have different fuel consumption, might
possibly have different optimization techniques. For example, internal combustion engine
vehicle might have different optimization than a hybrid or electric vehicle. Knowing that
Google Maps and similar mapping software give two options when people try to get
directions, fastest route or shortest distance route, his interest translated into the question:
Is it possible that the greenest path is neither of the fastest path nor the shortest distance
path? If so, what are the important variables, and can we model the system?
In order to answer this question, we have to first ask ourselves what can we learn
about cars on the road? How can we collect the data massively and reliably? We first
have to be able to collect data from as many possible cars as possible, using the easiest
and cheapest method available. To characterize roads, what parameters are important and
how do we understand the relationship between roads and fuel use? We need to look at
the driving patterns from real data and be able to characterize roads depending on many
variables such as time of day, weather conditions, type of car being driven, and how
frequently users use the road. And finally we need to look at how fuel consumption is
affected depending on the type of car itself as well as the road it is being driven on.
In this thesis, I shall try to find how effective and reliable it would be to gather as
much data as possible. Moreover, I model the system and characterize roads depending
on traffic patterns deduced from real data. And finally, I will look into the fuel
consumption and efficiency of different types of cars.
2 Background
Current mapping software can either produce the fastest route or the shortest
distance route. However, these algorithms are rather simplistic and do not accurately
model true traffic. In the fastest route case, the algorithm estimates the person drives at
the maximum legal speed. In some cases, the algorithm can estimate the effects of traffic
and traffic lights in a rather simplistic behavior but does not fully represent how traffic
really is. Moreover, the data that the algorithms use are not available to the public, which
requires us to find a new and better method, in order to get as much data as possible in
the least expensive method.
Moreover, current roads do not have a universal classification which we can
depend on to directly give us a good insight into how traffic can be modeled. Therefore,
we are required to find a new model and categorization of roads by using real data and
looking for patterns. Categorization of roads using variables of interest for our purpose
will allow us to use traffic patterns in each category to model and predict traffic in roads
where data is not as available.
We are also interested in other optimization criteria such as lower emissions and
lower fuel use routes. We hope characterizing driving behavior, categorizing roads, and
relating fuel consumption in different traffic conditions will ultimately lead to optimizing
routes that would be the least fuel consuming.
3 Data Collection Procedure
Three instruments were used to collect the data needed for the project; an
Auterra A-500 DashDyno SPD OBDII scanner equipped with a high accuracy GPS, a
Nokia N95 Smartphone that includes an accelerometer, and a GCDC X6-1A 3-axis
accelerometer. Using these three instruments, we were able to find accurate positioning,
velocity, and acceleration data as well as information about the car it operates.
3.1 OBDII Scanner Equipped with GPS
3.1.1 Overview of OBDII Technology
OBDII, or On-Board Diagnostics II, is the technology that cars use to relay sensor
information to the outside, and any car manufactured in the United States after 1996 is
required by law to have the technology built in. Although this technology is made for
diagnostics use by car service centers, it can be easily read using portable instruments,
some of which are as small as a thumb-drive and connect wirelessly to a computer.
Moreover, OBDII is not only used for diagnostic purposes, it is also used to read live data
while a car is running. There are over a hundred of parameters that can be recorded, and
it is up to the user to determine which parameters are most important for his purposes.
3.1.2 Device Overview
The OBDII scanner used is Auterra A-500 DashDyno SPD. This instrument was
chosen for its high refresh rate, as well as its ability to record data on a memory card for
ease of use. Figure 3.1 shows the instrument:
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Figure 3.1: Auterra A-500 DashDyno SPD OBDII Scanner.
The scanner connects to the standard OBDII connector which is easily reachable
in most cars. The connector is almost always located inside the vehicle, usually beneath
the driving wheel. As with most OBDII scanners, this device gets its power from the car
through the OBDII port. Figure 3.2 shows the standard connector:
Figure 3.2: Standard OBDII Connector Port.
Almost none of the current OBDII scanners on the market have a GPS built-in.
However, unlike the other available products, the Auterra DashDyno has the ability to
. ..................... . .........................
connect to a GPS through one of its serial ports. We used the Serial GPS C-160 module.
The scanner shows live data on its screen, but can also record the live data onto an SD
Memory Card.
3.1.3 Variables Collected
Although the OBDII scanners vary in data collection methods, the variation of
car models greatly affects what the scanner can measure. Most cars have at least 50
parameters available for monitoring, and newer cars have over 100. However, the more
important factor that differs between car models is the refresh rate of the OBDII. This has
varied from 1Hz on older cars, such as the 1997 Honda CRV, up to 10Hz on a 2009
Toyota Prius. This is a very important factor because a the faster the refresh rate, the
more accurate is our analysis. Fortunately, even 1Hz seemed valid enough to get good
enough data, as will be seen later in this thesis.
Also, another limitation imposed by OBDII technology is that we can only
record up to 16 parameters at one time; however, this number is large enough to include
all parameters needed for our analysis. The parameters we chose are:
" Sample Time: The sampling time, around 0.7s for the Honda CRV and about 0.1 for
the newer Honda Civic and Toyota Prius.
" GPS Coordinates: Longitude and Latitude (degrees).
" GPS Satellites: The number of satellites in view (unitless).
. GPS Speed: The speed as determined by the GPS (mph).
" GPS HDOP: A measure of error describing the accuracy of the GPS Coordinates.
" Vehicle Speed: The vehicle speed as determined by the OBDII (mph).
" Engine RPM: The instantaneous engine RPM at each sample (RPM).
" Absolute Throttle Position: It is a ratio of the fuel intake to the maximum value (%).
" Distance Traveled: Distance traveled as measured by the OBDII. It is accurate to a
tenth of a mile, a very low accuracy measurement.
* Drive Time: The total time since the engine has been turned on. It is in hours and has
a very low accuracy as well of a hundredth of an hour as the minimum increment.
* Idle Time: This is the same as Drive Time, except that it only measures the time
when velocity is zero and the car is idling (hours).
* Idle Percent: Percentage of the time the car is idle (%).
e Fuel Rate: This is the fuel rate as calculated by the OBDII. It does not measure the
actual mass flow rate of fuel, but actually measures the mass flow rate of air, and then
depending on an empirical formula, gives us the fuel rate (gal/hour).
* Fuel Used: This is not calculated, but rather comes as the integration of the Fuel Rate
over time, making it just as inaccurate as the Fuel Rate (gal.).
* Fuel Cost: Fuel used multiplied by the cost of one gallon ($).
" Instant Economy: This is just another term measuring the performance of the car
with regards to fuel consumption. This is derived in the same way as fuel rate and is
just as inaccurate (mpg).
" Average Economy: Same as the above, but derived from Fuel Used, which offers the
same problems (mpg).
* Intake Air Temperature: The temperature of the air entering the engine (F).
3.2 Smartphone with GPS and Accelerometer
The OBDII data primarily serves the purpose of finding the actual velocity of
the car driven as well as accurate position through the high accuracy GPS. This serves in
order for us to be able to find basic traffic patterns and categorize roads.
On the other hand, the use of a Smartphone with built-in GPS and
Accelerometer serves another purpose. Besides having an accelerometer, which the
OBDII does not have, we are interested in the viability of using a phone since it would
allow us to collect data easily and on a large scale. Furthermore, the acceleration data
collected is important when characterizing traffic patterns. We also need to measure how
accurate the phone GPS data is, and hopefully find a way to calculate velocity using GPS
and acceleration data simultaneously.
The phone used is a Nokia N95. The built-in GPS has the normal refresh rate of
1Hz, and the built-in accelerometer has a refresh rate of about 10Hz. The GPS module is
less accurate than the OBDII GPS module, since this one can only connect up to 4
satellites simultaneously, while the OBDII GPS has a much higher limit, and is often
connected to 8 satellites at a time.
3.3 High Accuracy Accelerometer
We used the X6-1A, a 3-axis, high frequency stand-alone accelerometer to
measure acceleration as well as provide verification for the Smartphone data collection.
The sampling rate is adjustable, with a maximum value of 160Hz. This accelerometer
acts as a stand-alone product that can be mounted on any surface in the car. Then, we use
the module as a USB memory drive to extract the data. Although this device is not very
user-friendly, it is a high end accelerometer with accuracy and precision sufficient for
comparing and verifying to a Smartphone and other lower end accelerometer data. Figure
3.3 is an actual photo of the device.
Figure 3.3: X6-1A 3-axis Accelerometer.
4 Road Categorization
The first step in optimizing traffic is to characterize roads and monitor how they
differ during different times of day and different weather conditions. This will be done
using the OBDII data which will then be analyzed using Matlab. Using GPS and OBDII
data, we can then plot the distance vs. time graphs for each road and then look at
differences in driving patterns. Using equations, we would be able to categorize roads.
4.1 Sample Route
In order to be able to recommend the best path for a driver to commute from
one location to another, we must first understand roads and characterize them. Our first
step consists of choosing a route that will be driven around numerous times. Looking at
the OBDII data that is always being collected, we can use virtually all of the parameters
to be able to characterize roads. The most important parameters, however, are the GPS
location, Vehicle Speed, Distance Traveled, and Time. By plotting the more improved
and calculated version of Distance Traveled over Time, we can look at the plot to
conceptually analyze the important sections and car behavior. Then, by using statistical
equations as well as generating my own set of equations and parameters, we can then
characterize and categorize roads. The road chosen is shown in Figure 4.1:
* Traffic Lights
* Intersections
---- Road Driven
Figure 4.1: Chosen Route for Data Collection.
We chose this route due to the multiple features we intend to look at. Some streets
were short while some where long, and maximum speed ranged significantly between
roads. It has plenty of left turns and right turns, and it has many traffic lights and
................................
crosswalks. Moreover, the inner part of the route is mostly unaffected, while the outer
road, Memorial Drive, is highly used and sees massive traffic jams in peak-hours.
4.2 GPS Data
4.2.1 Plotting GPS data and Route
Just plotting the GPS coordinates of a sample data set from driving one loop on
the chosen route, we can see that GPS coordinates are very accurate and are very close to
the actual route. This can be seen in Figure 4.2
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Figure 4.2: GPS data of sample ride over actual road coordinates.
. ... ... ........ ..... 
A zoom in, however, shows that although the data is very close, there is still an
error between the GPS coordinates and the actual road, as can be seen in the zoom in of
Figure 4.2.
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Figure 4.3: Zoom In of GPS data of over actual road coordinates to show error.
The fact that the GPS points do not perfectly fit on the road cannot be neglected,
and the error created makes comparison of multiple runs of the same road segments
impossible. This forces us to normalize the data, and that is done by "snap fitting" the
data to the road.
4.2.2 Snap-Fitting GPS Coordinates to Actual Road
Snap-fitting is best done by "snap-fitting" the actual data to the road segment it
is closest to. Basically, this is done using Matlab by calculating the shortest distance from
every data point to every road segment, and then choosing the projection of the data point
...............
with the shortest distance between the possible projections that actually lie on the
segment. This is a slightly complex procedure as many exceptions can occur resulting in
wrong projection. Using a code already published online that does similar functions. I
used the code as a basis to create my own code that fits our goals.1
For example, easy projections can be seen in the example in Figure 4.4
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Figure 4.4: Easy Snap-Fit of GPS data to road segment.
In the example shown in Figure 4.4, the projection of data points to the
corresponding road segments is trivial; however there are many cases where Matlab
cannot trivially do the snap-fitting, which required the addition of complex conditions for
' Points Inside Polygon written by Per Sundqvist on 17 November, 2004. Retrieved from:
http://www.mathworks.com/matlabcentral/fileexchange/631 1-points-inside-polygone
complex situations and rare occurrences. The full procedure is shown in the code, but
here is an example of such a complex situation as shown in Figure 4.5
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Figure 4.5: Non-Trivial Snap-Fit of GPS data to road segment.
From the plot above, we see that the complex function snap-fitted the rightmost
point along the pink arrow. However, the trivial snap-fitting function I originally wrote
would have snap-fit that data point along the red line since it is actually closer to the top
segment than the right segment. By writing the complex Matlab code, I have basically
managed all complex and confusing situations such as the one above. Although the snap-
fit above might seem trivial to the human eye, it is much harder to program Matlab to do
the same task.
Using the complex code, I was able to accurately snap-fit all the data points to
their respective road segments in order to normalize the data sets for later during
comparative analysis. A zoom in on a big part of the data set, snap-fitted to the route, is
shown in Figure 4.6.
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Figure 4.6: Raw GPS data vs. Snap-Fit GPS data to road segment.
Figure 4.6 shows a zoom in on both the actual data and the fitted data. Now,
using the fitted data, we have normalized the GPS data and thus are able to compare may
runs of the same route.
4.3 OBDII Data
4.3.1 Cutting Data into Segments
We divided the route we chose for data collection into 86 segments. These 86
segments were defined by having starting and ending points as intersections and possible
.......... . ............................
interruptions to driving patterns such as a yield to pedestrian sign. From doing the
statistical analysis on every segment by itself, it became clear that the level of
segmentation was too high. Some consecutive segments are better off being joined into
one segment for the analysis purposes. For example, I originally had a yield for
pedestrian crosswalk dividing two segments, but from the multiple tens of times I've
driven around the loop, I have never stopped at that cross-walk because it is badly
positioned in the city and rarely anyone ever uses it. This means that when we have to cut
segments, we might not be able to use generalized information about cross-walks, and we
need to look at each case individually.
Moreover, the benefit of cutting data into smaller segments we are able to add
the segment data to the database, where another Matlab code gets all the data for a
specific segment and then analyses it in order to characterize each segment. This will
help establish a large database where road segment additions can happen from any trip or
route taken, as long as a driver passes through that same segment.
4.3.2 Improving Parameters
The OBDII scanner collects the data from the OBDII in the car. However, some
of the on-board sensors are not made to have as high of a resolution as we hope for.
Fortunately, these parameters can be derived from more accurate parameters.
1) Drive Time: This parameter is reported to the nearest tenth of an hour, which results
in an error of +/- 6 minutes, not accurate enough for our goals. This parameter
measures the total time that the engine has been turned on. Since we do not care about
any time before the start of data recording, this value has to be zeroed every time data
is recorded. Furthermore, we can use the Sample Time parameter, which is accurate
to thousandth of a second, as a substitute to Drive Time, with higher resolution.
2) Idle Time: This parameter is also given to the nearest tenth of an hour. As with Drive
time, the error is also too large for our goals. This parameter measures the total time
that the car has been at rest. Using Matlab, we can calculate the Idle Time by adding
the difference in Sampling Time when Vehicle Speed is zero. Having zero speed
indicates the car is at rest, and is thus idling. Therefore, we can get the value for the
Idle Time Parameter, but with the same accuracy as that of the Sampling Time, a
thousandth of a second.
3) Idle Percentage: This value can be calculated using the more accurate values of Idle
Time and Drive Time.
4) Distance Traveled: This very important parameter records the total distance travelled
by the car and is used as the baseline to compare the accuracy of the Distance
Traveled using GPS coordinates. This parameter is the correct value of the total
distance traveled by the car, since it derives the values from measuring actual
spinning of the wheels. The problem, however, is that it is accurate only to hundredth
of a mile, resulting in a step-like curve. We need to be able to make the step-like
curve into something more smooth. In order to do so, I calculated the distance
traveled from three other sources by adding up the distances between every two
consecutive points from the following sources:
a. Actual GPS coordinates.
b. Projected GPS coordinates.
c. Points using Velocity multiplied by the Sample Time.
The result is shown in Figure 4.7:
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Figure 4.7: Distance Traveled calculatedfrom GPS, projection of
GPS, and velocity multiplied by time step.
Multiplying the OBDII Vehicle Speed by the difference in Sample Time, is the best
method to smooth the Distance Traveled parameter. This result is not surprising, because
both the Velocity and Sample Time parameters have higher resolution, unlike GPS data
which is not as accurate and encounters lower refresh rates.
4.4 Visual Methods for Categorization of Roads
The results of the road characterization can be split into three basic types:
Invariant of time and Consistent, Invariant of time and Inconsistent, and Variant of time.
This classification can be seen just from plotting different road segments while using
color coding to identify the time of day the data was taken. Just by looking at the
Distance Travelled vs. Time plots, some segments are obvious as to what type of road
they belong to, while others were not as obvious.
4.4.1 Invariant of time and Consistent
This type consists of road segments that are completely invariant of time and are highly
consistent. This can be seen visually with minimal technical analysis. Figure 4.8 shows
one of the road segments that were part of the route driven. We see that no matter what
the time of day is, peak and off-peak hours have no effect on the driving patterns.
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Figure 4.8: Consistency without time dependence.
However, there may be times when all data sets are exactly similar with less
than 5% being exceptions. This can be seen in Figure 4.9.
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Figure 4.9: Consistency without time dependence with exception.
This example shows that the road segment is almost always consistent, but some
rare cases might affect it. In this case, a fire truck was exiting the fire station when the
driver was just before passing the fire station. The driver had to wait until the fire truck
has passed safely before moving, and wouldn't have waited at all if it weren't for this rare
occurrence.
Looking closely at the graphs, we notice that the total distance travelled, which
represents the end of each plot, are not equal even for the same road segment. This
happens because the data is discrete and not continuous, so often, we do not have starting
and ending points exactly on the starting point and end point. So sometimes the data
points would be very close to an endpoint of a road segment, while many times it is
before it. This is more clearly seen for short segments in cars with low sampling rate.
This is an example of why the sampling rate is very important, and the higher it is, the
more information we have to accurately analyze the data.
.................... ....................
4.4.2 Inconsistent Regardless of Time
This category consists of roads where there is no recognizable driving patterns
even when we take time into consideration. there are two sub-categories under the
Invariant of Time and Inconsistent type of roads, Luck Dependant and Heavy
Unpredictable Traffic:
1) Luck Dependent
This type of roads is unique. By plotting the non-peak hours, we see that almost
half of the data has no idle stops, and the other half has exactly one stop. This can only
mean that the segment has a traffic light at the end, and it is up to the driver's luck
whether or not he will catch a red light or a green light. This can be seen in Figure 4.10
0.04
0.03
0.02
0.01
20 40 60 80
Time (s)
Figure 4.10: Inconsistency without time dependence.
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2) Always Heavy, Unpredictable Traffic
This sub-category reflects a very used road with high traffic even in non-peak
hours. This can be seen when one plots the data for the segment only in non-peak hours,
and sees huge variation between data sets. Unlike the previous example, we expect to
have more than one idling state, meaning that the car has to be stuck in traffic, and not
actually waiting for a light. In other words, if the car is idling more than once in the
segment, it means that it waits in traffic during a red light, but when the green light turns
on, there is so much traffic moving slowly that the light turns back to red before the car
gets a chance to pass through to the next road segments. Such an example is shown in
Figure 4.11.
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Figure 4.11: Inconsistency without time dependence.
4.4.3 Variant of Time
Almost all roads are bound to be affected by the time of day, especially between
peak and non-peak times. Not all roads are affected equally, with some barely slowing
down a driver, while others make a huge traffic jam in an otherwise light traffic road.
Figure 4.12 is an example of a slightly affected road, while Figure 4.12 is one that
changes dramatically.
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Figure 4.12: Minor inconsistency in peak hours.
Figure 4.12 shows only minor inconsistency between non-peak hours and peak
hours. The graph shows how peak hours create minimal traffic that increases the total
time needed to cross the segment, but does not create any major differences such as
stopping or waiting
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Figure 4.13: Major inconsistency due to
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Figure 4.13 shows a road segment that depends extremely on the time of day. Peak hours
graphs are extremely different from non-peak hours graphs, as the vehicle is now coming
to rest at least once, when it never stopped during non-peak hours.
4.5 Automated, Technical Categorization of Roads.
All of the conclusions in Section 4.4 have been done mostly with just looking at
the plots; however, this is not a practical solution for large scale analysis of many road
segments. The plots above are the extreme cases of the different categories of roads, and
data sets are often not as obvious. We need to be more accurate in characterizing roads by
associating numbers to them that better characterize them. The methodology of doing so
only requires input of the following:
e GPS position (or preferably OBDII data with accurate velocity)
e Time of day the road was driven
4.5.1 Methodology for General Characterizing the Roads
The methodology of fully characterizing the road is as follows:
1) First plot all data sets from all times of day.
a. If they are all consistent with zero idling stops, this means the road is invariant
of time and very lightly used by cars. It also means it does not have a traffic
light at end.
b. If all data sets are consistent with zero idling stops EXCEPT for less than 5%
of the data sets being non-consistent, this means the outlier is a rare exception
and should be ignored.
c. If the data sets show a slope nearing zero at the end of the segment, this
almost certainly means there is a stop sign at the end.
2) If this is not the case, then we plot all data sets from non-rush hour times.
a. If they are all consistent (ignoring exceptions) and zero idle stops, this means
there is no traffic light at the end. This also means the road is greatly affected
by rush hour. To better measure the effect, we calculate the following ratio k:
k Average Rush Hour Drive Time
Average Non - Rush Hour Drive Time
The bigger this value is, the worse the road is during peak hours.
Moreover, we measure if the rush hour data have idle stops in them. If they
do, this means that the road is dramatically affected by rush hour.
First, we plot the data for the segment in non-peak hours. If we have a
significant amount of data sets becoming idle EXACTLY once while the rest
never stops, this means the road has very little traffic in non-peak hours, but
has a traffic light in the end. It depends on whether or not the driver is lucky
and encounters a red light or not.
Then, we plot all data sets of peak and non-peak hours together and see if
this pattern changes in during rush hour. If it does not, it means that the traffic
light is misplaced and the road traffic is very light even in peak-hours. We can
calculate the length of the traffic light just by measuring the maximum idle
time in the data sets where the driver is becoming idle.
4.5.2 Parameters to be that Help Characterize More Complex Roads
If none of the above patterns are seen visually, then the case is that the data sets
represent a time independent complex pattern, and we would need to use more numerical
analysis to categorize the road. Some important parameters that I found to be relevant
are:
i. Standard deviations of drive and idle times.
ii. Chance of becoming idle.
iii. Average number of idle times.
This is as far as my analysis for road categorization goes. However, the possibility of
fully categorizing roads automatically and numerically looks promising. Visual plots of
the data reveal features that could be calculated numerically. These metrics could then be
used for categorization. I suggest future work to be done in this area in a more detailed
way in order to characterize roads and numerically categorize them.
5 Characterization of Driving
An OBDII scanner is fairly precise and highly accurate in recording any
parameters we decide on using; however, the scanner itself is very expensive, and the
setup is time-consuming. In order to be able to best understand traffic patterns and road
characterization, we need huge amounts of data. One way this can be achieved is by
using an alternative solution, such as a Smartphone. The most important parameters in
characterizing driving patterns are Time, Position, Velocity, and Acceleration. A
Smartphone is fully capable of getting precise time stamps for its data recording
purposes. Also, the newest Smartphones almost all have a GPS module built in, as well a
low range 3-axis accelerometer. Josh Siegel, a member of the team, has contributed
immensely by programming the code that allows us to collect data from the Nokia N95
Smartphone's GPS and accelerometer data.
Therefore, in order to decide whether or not using a Smartphone can be
sufficient, we need to look at three important aspects. First of all, is the GPS module of
the phone accurate enough for our statistical analysis? Similarly, is the accelerometer
built in phones sensitive enough to measure the driving patterns of cars over small
distances? Finally, velocity is a very important parameter that cannot be directly
measured using either the accelerometer or GPS modules. Therefore, is it possible to use
the position and accelerometer data in order to find an accurate velocity profile?
In order to answer these fundamental questions, I drove around the chosen route
using the Smartphone to calculate GPS and acceleration data. In order to verify the
integrity of these data sets, I simultaneously used the OBDII to measure GPS coordinates
and velocity, and the X6-1A accelerometer to accurately measure acceleration. OBDII
was key in providing the "real" velocity profile, which will be the control velocity that
we would be comparing our models to.
5.1 Assessing the Accuracy of the Smartphone GPS Data
The standard refresh rate for GPS positioning is 1 Hz; however, the OBDII GPS
has been able to use a refresh rate of 4 Hz, making the distance vs. time curve relatively
very smooth. The phone GPS, however, was able to go to 2Hz. Although this is higher
than the standardized 1Hz sampling rate, we need to see if the 2 Hz sampling rate results
in a smooth enough curve for our characterization purposes. Moreover, the phone was
able to connect to an average of 4 satellites at one time. This is theoretically enough for
an exact positioning, but the error is expected to be higher than the OBDII GPS which
connects with at least 7 satellites at a given instant.
5.1.1 Comparison of GPS from Phone to High Resolution
OBDII GPS
The best way to see whether or not the phone GPS is accurate enough for our
analytical purposes is to compare it with the OBDII GPS data which was already proven
to have enough accuracy and high enough sampling rate as was seen in the Road
Categorization section of this thesis. By calculating the distance traveled and plotting the
two data sources on the same plot, we should be able assess this accuracy. Figure 5.1
shows the manipulation of GPS coordinates to produce the distance travelled vs. time
plots. The "red" trace shows data recorded on a Smartphone, while the "blue" trace
shows data recorded from the OBDII. Figure 5.2 is a zoom in on a part of the plot in
order to show the difference on a smaller scale:
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Figure 5.1: Distance Traveled vs. Time using OBDII GPS and phone GPS.
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Figure 5.2: Zoom in for Distance Traveled vs. Time using OBDII GPS and phone GPS.
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Figures 5.1 and 5.2 show the difference between data collected from the phone
GPS as well as the high-accuracy OBDII GPS. Although the phone GPS resulted in a
smoother curve, which is due to faster update rate and better resolution. Although the
OBDII reports at 4 Hz, it merely repeats the data and the real update rate is less than 4
Hz, depending on the car make and model. We can see from the close-up of the graph
that it is slightly different than the more accurate OBDII GPS, which consists of a large
GPS module connecting to at least 7 satellites at a time, versus the phone MEMS GPS
which connects to an average of five satellites. However, this error is negligible, as can
be seen in the overall graph, as both GPS give almost the same overall Distance v. Time
plots.
5.1.2 Conclusion about Accuracy of Phone GPS
On one hand, the phone GPS is less accurate than the OBDII GPS, which is
expected since the former connects mainly to about four or five satellites, the minimum
to get a location, whereas the more sophisticated OBDII GPS connects to an average of 7
satellites at a time, making the position much more accurate.
However, the ability to collect data at 2 Hz instead of the standard 1 Hz results in a
smoother curve, and we can see that the overall path produced is almost identical to the
OBDII GPS, making it acceptable to assume that the phone GPS is accurate enough for
our purposes.
5.2 Assessing the Accuracy of the Smartphone Accelerometer
Data
The accuracy of a Smartphone, MEMS, accelerometer is comparable to that of a
normal-sized accelerometer. However, the sampling rate between the two is considerably
different. A cell phone accelerometer can reasonably take up to 10 Hz, while the higher
grade accelerometer is able to collect data at a much higher 160 Hz sampling rate. This is
due to the fact that phone accelerometers are included primarily for the purpose of
determining phone orientation, and is not intended to record accurate and rapid
acceleration data. Between the two sources of recording, it is safe to assume that the
acceleration data from the X6-1A standalone accelerometer, is more likely to serve as the
"correct" acceleration data.
Therefore, it is very important to determine whether or not the accuracy and
sampling rate of the phone accelerometer is sufficient to get reliable data. This is
extremely important because we intend to integrate the accelerometer data to get the
velocity of the vehicle. The error that results from the integration can be significant,
which is why it is important to decide whether or not the phone accelerometer is accurate
enough in order to minimize the error as much as possible.
5.2.1 Raw Data
Both the phone accelerometer as well as the X6-1A standalone accelerometers
collect data in all three axes, so it is important to know the coordinate system for each
accelerometer. The phone accelerometer collects data at a 10Hz sampling rate, which is
much less than the 160Hz standalone. Assuming that the standalone accelerometer is as
accurate as possible, we would like to check whether the phone accelerometer is accurate
enough for our intended purposes or not. A sample of data collected from the phone
accelerometer is shown in Figure 5.3. What is important to look for is to check how
realistic the values are. More importantly, we should check how stable the values are
when the car comes to rest.
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Figure 5.3: Sample phone accelerometer data.
Figure 5.3 shows the acceleration in all three axes. The acceleration in the z-
direction is negative, and that is only a consequence of the way we set up the phone in the
car. Although all axes are very important, I have aligned the accelerometers such that the
longitudinal acceleration of the car are completely represented in the x-direction, making
the z-axis important by giving us important information of the slope of the road. The y-
direction signifies the lateral acceleration and is important when we are turning around
curves. Figure 5.4 is a close up of the x-acceleration for a short time frame.
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Figure 5.4: Unsmoothed x-acceleration from phone accelerometer data.
We can see from the graph that the data is very noisy and oscillates more than
we hope for, which is why it is important to smooth the data in order to get
understandable plots.
5.2.2 Smoothing Data
In order to smooth the data, I used a smoothing algorithm. The method is the
moving average. This method involves using data points in the neighborhood of the point
of interest to get an average value for the acceleration at that point of interest. Figures 5.5
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and 5.6 show the difference between smoothed vs. raw accelerations for the GPS
accelerometer and the stand-alone accelerometer.
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Figure 5.5: Smoothed vs. unsmoothed
accelerometer (160Hz).
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Figure 5.6: Smoothed vs. unsmoothed longitudinal acceleration from the derivation of
OBDII (actual) velocity (10Hz).
Smoothing the acceleration graphs of the two accelerometers is important to be
able to see a clear trend; however it is crucial in the Smartphone case, because our
velocity will not be measured, but actually integrated from the acceleration data. In
addition to the presence of noise from vibrations, the lower 10 Hz sampling rate creates a
much less smooth and continuous data set, and it is necessary to smoothen it in order see
a clear trend.
5.2.3 Comparison to Accelerometer Data
In order to compare the acceleration of the phone accelerometer to the
standalone accelerometer, the easiest, and surprisingly accurate, method is to plot the
accelerations on the same plot. Plotting the unsmoothed acceleration plots results in an
un-clear and uninformative graph because the noise from the two sources creates a messy
graph making visual comparison impossible. Therefore, in Figure 5.7, and 5.8, we used
the smoothed values to compare the acceleration graphs.
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Figure 5.7: Smoothed longitudinal acceleration from phone vs. standalone
accelerometers.
This graph shows how the phone and standalone accelerometers are almost identical.
Discrepancies almost only exist in the magnitudes of the accelerations, as the two graphs
are almost perfectly in-phase.
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Figure 5.8: Smoothed longitudinal acceleration from phone accelerometer vs. derivative
of OBDII velocity.
Figure 5.8 compares the smoothed acceleration recorded by the phone to the
smoothened derivative of the velocity of the car as measured by the OBDII scanner. The
graph shows that the two accelerations are well correlated. As with the previous
comparison, the major discrepancies exist in the magnitudes, a fact that is expected due to
differences in sensitivity, calibration, sampling rate, and the smoothing method.
5.2.4 Reliability of Phone Accelerometer Data
The fact that the accurate standalone accelerometer and the MiEMS phone
accelerometer match that well is very surprising. The only problem lies with the
magnitudes of the acceleration, and the main reason for this discrepancy is the fact that
we are only getting a smooth curve because of the moving average smoothing method.
As we increase the data points around the point of interest, the graph becomes smoother;
however, the curve loses its sharp curves and generally goes down in magnitude.
Although the phone accelerometers are micro-electromechanical devices that
were intended for ballpark measurements to deduce the orientation of the phone, they are
surprisingly very accurate and generally reliable for our purposes.
6 Getting the Velocity Profile
Now that we have concluded that the phone GPS and phone accelerometer are
reliable enough, we have reduced our problems to finding an accurate velocity for the
data set.
There are many ways to get the velocity from position and/or acceleration:
1) Derive GPS position.
2) Integrate acceleration data.
3) Combine both methods.
6.1 Deriving GPS Data
Theoretically, if our GPS data is accurate enough, we can derive the position
data to get an accurate velocity. Figure 6.1 shows a comparison of the derivation of GPS
position and the actual velocity given by the OBDII.
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Figure 6.1: Smoothed velocities from deriving phone's GPS position and actual OBDII
velocity.
Figure 6.1 shows a smoothed graph of the derivation of GPS coordinates to give
velocity. Although there is a discrepancy between the GPS velocity and the actual
velocity in the best commercial GPS components, this cell phone was able to accurately
represent velocity with just 4 satellite connections to get a fix.
However, it is important to note that smoothing factor for the derived velocity
has been chosen by trial and error to best match the actual velocity. Although this
smoothing "coefficient" is likely to be constant between different data sets, this still has
to be proven.
6.2 Getting Velocity from Integrating Accelerometer Data
Velocity is calculated by integrity the acceleration data. However, small errors
in acceleration data lead to large error in velocity. We attempt ti correct for these errors
and get an accurate velocity profile from acceleration data.
6.2.1 Important Requirements
In the initial stages of collecting data, the cell phone used was placed inside the
armrest of the car. Although the phone was positioned with the x-axis being parallel to
the longitudinal velocity of the vehicle, it was not secured as tightly as it should have
been. This was noticed when we tried to integrate the acceleration to get the velocity plot.
Figure 6.2 shows the result from the initial testing:
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Figure 6.2: Smoothed velocities from actual OBDII data and integration of a non-
securely fastened, phone GPS.
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The expected error was to have the velocity curve tilted at a constant angle;
however, as can be seen in the last figure, the slope of the curve was often changing. We
initially suspected the tilting of the car by going up or down hill, but we noticed that the
change in the Z-component of the accelerometers is not nearly as large enough to create
this kind of change in slope. We then suspected that the phone accelerometer might not
be as precise as we hoped it would be. It wasn't after later thought and help from Prof.
Sarma that we realized that the phone might have been rotating around the z-axis. The
only way we fixed the problem was by completely securing the phone to the car
preventing any shaking or movement relative to the car. The result of tightly securing the
phone was astonishing, which is seen in Figure 6.3.
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Figure 6.3: Smoothed velocities from actual OBDII data and integration of securely
fastened standalone and phone GPS.
In both the standalone accelerometer and the phone accelerometer cases, the
velocity looks identical to the actual velocity but with an incline. This is great news
because such an error can be easily fixed, as will be done in section 6.2.3.
6.2.2 The Effect of Car Tilting on Velocity Profile
We initially assumed that the road is almost flat and the effects of an incline or
decline in the slope is negligible. However, the effect of the car tilting has proven not to
be negligible and thus required to be accounted for. By looking at the average change in
the z-acceleration, we were able to determine the angle of the road.
The reason we looked at the average change in the z-acceleration was because
the road is full of bumps and holes, which too often creates spikes in the z-acceleration.
By using the moving average method to smooth the z-acceleration, we were able to get an
acceptable estimate of the slope of the road. Since any tilting would result a component
of the gravitational acceleration in the longitudinal direction, we were able to deduct the
gravitational contribution to the longitudinal acceleration to get a more accurate velocity
profile. Figure 6.4 shows the difference between the velocity profiles with and without
the tilting factor included.
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Figure 6.4: Smoothed velocities from integration of securely fastened phone GPS with
and without taking road inclination into account.
As expected, the gravitational components due to tilting end up cancelling each
other, as we can see that the tilting causes the velocity to be higher in some locations, and
smaller in others. This shows that although the effects might be small on almost flat, city
roads, they can have significant erroneous contributions to our analysis. In order to fully
model the traffic of any car on any road, we cannot neglect the road inclinations.
6.2.3 Fixing the Integration Error
The basic estimation to correct the general slope of the velocity profile from
integrating the acceleration was to correct the whole graph depending on the slope from
............ ..
the first point to last point where vehicle is at rest. This is a good basic estimation, but it
assumes that the slope is constant throughout the data collection.
However, this estimation would rely on the estimation that there is no rotation
of the phone at all. As discussed above, the tilting from inclinations of roads cannot be
neglected if we need to generalize the model.
Therefore, the solution to the problem involved using the GPS positioning to
determine every instant that the car is at rest. Then, after we find these resting positions,
we cut the data set to portions where the starting data point is the vehicle at rest, and the
ending point is the next time the vehicle comes to rest. We then calculate the slope of
inclination and fix these starting and ending points to zero-velocity, and then rotate the
data set in between to become parallel to the horizontal.
20-
Assumed without Tilting
Assumed without Tilting
-20
-40 -
0
~-60-
-80-
-100-
-1201
0 50 100 150 200 250 300 350 400 450 500
Time (s)
Figure 6.5: Removing the constant of integration error.
The result is shown in Figure 6.5. The graph includes both cases where tilting is
neglected and accounted for.
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Figure 6.6: Removing the constant of integration for smoothed velocities from
integration of securely fastened phone GPS with and without taking
road inclination into account.
The usage of the GPS to determine the resting states of the vehicle gives a better
fix of the constant of integration, as we use the points were the GPS velocity is 0 as the
points of interest.
6.2.4 Accuracy of Velocity
We need to determine the accuracy of getting the velocity profile from
integrating the accelerometer data. The best way to do so effectively is by plotting the
velocity profile, with and without tilting, and comparing it to the actual OBDII velocity
profile.
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Figure 6.7: Effect of tilting as compared to actual velocity.
Looking at Figure 6.7, we can see that the velocity from integrating
accelerometer data fits neatly to the OBDII values in most sections in the beginning, but
the error is very large in other sections, particularly towards the end of the data sample in
the example shown in Figure 6.7.
After deeper inspection, it turns out that this error is caused by the change in the
tilting of the phone. I tried fixing this error in section 6.2.3, but the method used only
works in two cases. The first case is when an accelerometer would have a constant tilt, in
which case the whole velocity profile would have one general slope, and this is easily
fixable. The other case is that the phone might change tilting angles during the drive, but
the change should be small and over relatively large periods of time, and the car has to
often come to complete stops in order to use the GPS to find resting points as I showed in
Figure 6.7.
6.3 Comparison of Velocity Profiles
To determine the best method for getting the velocity profile, we compare all of
the above methods by plotting all of the velocity profiles on the same graph, as shown in
Figure 6.8.
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Figure 6.8: Comparison of all velocities.
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Looking at Figure 6.8, we see that each method has its own advantages and
disadvantages.
Since the OBDII velocity is the actual velocity, we compare the other methods to
it to deduce which is the best velocity for our purposes.
Looking at Figure 6.8, we can first deduce that taking the car tilting into account
is better than not taking it into account, even if the accelerometer is not precise enough to
detect the exact tilting angle in order to best correct the data.
Moreover, it is clear that using the velocity profile from using the derivative of
the GPS coordinates is more accurate than integrating accelerometer data, as it follows
the actual velocity more closely, even with all the efforts to fix the errors that arise from
using an accelerometer only, as can be seen in the right side of Figure 6.8.
On the other hand, the accelerometer is much more precise as it measures the
fluctuation in velocity better than deriving GPS coordinates, as can be seen in Figure 6.8.
Integrating the accelerometer data is more in-phase than from the deriving the
GPS coordinates, as the velocity increases and decreases with more precision.
Since deriving the GPS coordinates gives us accuracy, while integrating
accelerometer data gives us precision in the shape. Therefore, it makes sense that we can
combine both sources of data to get an even better matching velocity profile to that
recorded by the OBDII. There are indeed many ways to be able to do this. For example, a
Kalman Filter might produce a more reliable velocity profile from GPS and
accelerometer data.
7 Fuel Analysis
Fuel analysis is essential for determining the greenest path a car can take.
However, this type of analysis is complex and is beyond the scope of this thesis.
However, I will discuss the introductory steps that I took and the important aspects that
will help future work into getting a more detailed analysis.
7.1 Effect of the Magnitude of Velocity
It has always been known that there is an optimal speed where a car is the most
fuel efficient. The value is estimated to be between 50 and 60 mph. Just for checking
purposes, I drove multiple cars at constant speed per run and collected data for multiple
runs, each with a different constant speed. Then, I calculated the fuel used per given
distance (gal/mile).
Figure 7.1 shows a sample run at 40 mph using a 2009 Honda Civic
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Figure 7.1: Constant Velocity.
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Using cruise control, I was able to keep the velocity of the car with +/- 2 mph.
This process was repeated multiple times for a range of velocities, and the efficiency of
the car given by fuel used per given distance (gal/mile) is plotted in order to determine
the optimal velocity, as shown in Figure 7.2.
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Figure 7.2: Fuel efficiency v. speed
Although this test case itself was not accurate enough to determine well the optimal
speed, it relays the point that fuel efficiency changes with velocity, and there is an
optimal speed that optimizes fuel consumption. The main reason this data collection was
not accurate is because the distances driven were too short; however, if this test was to be
done repeatedly and over long distances, with smaller speed increments, we would be
able to see a smooth and continuous plot of the efficiency vs. speed.
This would thus complete the first part of the analysis, which is about
estimating instantaneous fuel consumption at any given velocity, assuming velocity is
almost constant within a relatively short time frame. I am stating the need of a relatively
constant velocity over a small time frame because my estimate is a rough estimate that
neglects important variables such as gear and throttle position.
The scope of this thesis is to get a basic idea of this phenomenon, and more in-
depth testing and research should theoretically be able to do this. Moreover, it should be
possible to develop a more accurate model than this one, but the more variables we
include in the model, the harder it will be to model correctly. Any future work will have
to accurately model this change in efficiency as speed changes, and I hope I have relayed
the basic idea in order to do so.
7.2 Effect of the Magnitude of Breaking
A significant amount of energy is lost during breaking. There are times were
breaking is essential, but there are other times when we break for the sake of having
willingly accelerated to a velocity that is more than what was necessary. For example,
this happens very often when a traffic light turns green when the next traffic light ahead
is red. Most of the times, we accelerate to a velocity even though we know we spent more
fuel than required to cross the distance, therefore having to break at the end.
Putting aside the consequence of people driving at a minimal speed to reach a
target, it is interesting to find how much energy is wasted due to breaking. Moreover, this
information can be very important in trying to compare the fuel consumptions of
aggressive drivers (people who press too much gas and then break significantly) vs. slow
drivers (those who see a red light and barely let the car slowly roll to a stop).
In order to do so, we must first find out how efficient a car is in minimizing
drag in order to travel the largest possible distance. Figure 7.3 shows part of a sample
data set where the car is rolling without any acceleration or breaking.
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Figure 7.3: Velocity v. time during free-rolling.
This profile agrees with what is expected of a free-rolling car.
Using this profile, we can now calculate how much distance is lost due to
breaking. Figure 7.4 shows the distance lost vs. initial vehicle speed when car starts to
free-roll.
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Figure 7.4: Distance lost due to significant breaking.
Using this relationship, we can now predict how much distance is lost due to
breaking, and this can best be explained graphically as shown in Figure 7.5
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Figure 7.5 shows this case of how the velocity v. time profile is compared
between the real and hypothetical case. Since we know what distance the car passed in
the real case while breaking, and since we can now find out how much distance the car
would have surpassed if it free-rolled, we can find the amount of distance that was lost.
For example, a Honda Civic 2009 breaking instantaneously vs. the theoretical
case if the driver let the car to roll to a complete stop. Using the graph in Figure 7.4, we
can quickly estimate that about 0.23 miles have been lost due to breaking by looking at
the y-value at x-value equal to 30 mph.
7.3 Other Important Factors on Fuel Consumption
The factors that might affect the fuel consumption are numerous. However, this
thesis intends only to give a general idea about the analysis that needs to be done in the
future. Many more important factors need to be looked at, and I will summarize them as
best as possible.
There are several factors that cannot be measured easily, and these include:
" Road conditions
e Car condition
" Weather conditions
e Road inclination
On the other hand, most factors that create problems are easily measurable but hard to
include in the model. These include:
" Neglecting gears
" Neglecting throttle position
e Instantaneous velocity
" Instantaneous acceleration.
Moreover, we have to think about:
" It is hard to convert distance that could have been saved to fuel that would have
been saved.
" Fuel consumed by running engine even when free-rolling.
These are just some basic factors that need to be looked at, and future work has to look at
all of them and more. However, the more factors we include, the more complex our
model gets.
8 Summary and Future Work
8.1 Collection and Reliability of Data Collection
When it comes to reliability of the data-collection methods, we can conclude
that the OBDII is very accurate, but sometimes not precise enough to our needs.
However, we can improve most of the low resolution parameters collected, such as Drive
Time and Distance Travelled to name a few. OBDII can get all important parameters
except for acceleration, and we need to use an accelerometer simultaneously if we deem
it necessary for our analysis. Finally OBDII has the problem of being too troublesome for
mass data collection.
As for using a Smartphone, the built-in GPS receivers are of impressive quality
with comparable results to a standalone GPS receiver. Moreover, the built-in
accelerometer is also impressively accurate. Although the sampling rate is much lower
than a high end accelerometer, it is apparently sufficient to get a reliable acceleration data
set which is sufficient for our goals.
8.2 Characterizing Driving Behavior and Categorizing Roads.
In order to characterize driving behavior, it seems that the position and velocity
are the main important parameters. We can also use acceleration, but this has not been in
the scope of this thesis. However, position, velocity, and time seem enough as the basic
starting point for our analysis. Future work should look more closely as to how to
numerically characterize driving behavior.
In order to categorize roads, I have proposed a method in order to visually
determine a type of road. I also gave a simple categorization based on four types of roads
using many data sets for statistical reasons. This categorization is simplistic, and future
work should look into numerically analyzing the roads using newly proposed ratios and
relationships, which this thesis slightly tapped into.
Finally, the most important part to categorize roads and characterize driving is the ability
to have abundant amount of data. I have showed that using a smartphone, the GPS and
accelerometer built into almost all new phones have enough accuracy and precision in
order to get a reliable position, velocity, and time data sets. I also showed that these three
are sufficient for an analysis of driving characteristics and categorizing roads. Using
Smartphones, it is now relatively easy to get data from many users. I suggest future work
stresses on determining the best way to find the velocity profile by using GPS and
accelerometer data.
8.3 Fuel Analysis
This thesis has looked into analyzing fuel consumption on a very introductory
level. I only looked into the basic phenomena such as fuel efficiency depending on
velocity, as well as the effect of breaking and how much energy is lost.
I suggest future work focuses mostly on the effect of breaking. Modeling
instantaneous fuel consumption is not a new problem; however, there has been little
research as to how much energy and thus fuel is lost due to unnecessary breaking.
